We developed an individual-based (IB) model to explore the stochastic attributes of state transitions, the heterogeneity of the individual interacdons, and the impact of different network structure choices on the pohovirus transmission process in the context of understanding the dynamics of outbreaks. We used a previously published differential equation-based model to develop the IB model and inputs. To explore the impact of different types of networks, we implemented a total of 26 variations of six different network structures in the IB model.
INTRODUCTION
Global efforts to eradicate wild pohoviruses continue, with types 1 and 3 wild polioviruses remaining endemic in four countries (Nigeria, India, Afghanistan, Pakistan) and causing fewer than 2000 global cases of paralytic polio annually [1] . While wild polioviruses circulate in these areas, the rest of the world must continue to keep poho vaccination levels very high [2] , due to the risk of outbreaks in susceptible people in polio-free countries. In addition, post-eradication policy planning must anticipate that outbreaks (defined as one or more cases of paralytic poho) will * Author for correspondence: Dr H. Rahmandad, Department of Industrial and Systems Engineering, Virginia Tech, Falls Church, VA 22043, USA. (Email: hazhir@vt.edu) occur after the successful disruption of wild polio virus transmission [3, 4] , largely due to the risks of circulating vaccine-derived polioviruses (cVDPVs) [5] , Most people infected with pohovirus do not show any symptoms, which necessitates modelling the transmission of infections [5] , but about 1/200 susceptible people becomes paralysed from a wild poliovirus infection [6] [7] [8] . The costs of outbreaks include both health costs experienced by paralysed individuals plus the impacts on their families, and the financial costs associated with treating patients and responding to the outbreak with vaccine campaigns to reduce transmission [9] [10] [11] . Two vaccines provide protection from disease (paralytic poliomyehtis), but incomplete protection from infection: live oral poliovirus vaccine (OPV) and inactivated poliovirus vaccine (IPV). OPV represents the vaccine of choice for the Global Polio health leaders plan to ehminate the use of OPV [12] .
Minimizing the risks of outbreaks will require coordination of OPV cessation, creation of a global vaccine stockpile, and development of specific plans for outbreak response [13, 14] . Many countries wiU also consider switching from OPV to IPV because it carries no risk of vaccine-associated polio paralysis, but IPV represents a relatively expensive choice and its ability to prevent pohovirus transmission in some settings (notably low-income areas with relatively poor hygiene and inadequate health systems) remains uncertain [3, 4] .
Previous work by two of the authors (R.D.T. and
model [9] to explore the dynamics of pohovirus infection outbreaks and response strategies [15] .
This model yields useful insights, but we recognize the opportunity to address difl"erent questions using a stochastic, individual-based (IB) (or agent-based) modeUing approach that explicitly considers the network structure of individuals and the stochastic interactions between individuals.
Previous studies identified the selection of the network structures as a critical assumption [16] [17] [18] [19] [20] [21] [22] , and show that DEB and IB models can yield different insights, in part due to the difl'erences in their abilities to capture network structures and population heterogeneity [22] . In contrast to the assumption of homogenous mixing in DEB models, IB models typically require a network structure that governs the interactions of individuals. Analysts must identify links between individuals (nodes in the network) that specify 'who acquires infection from whom'
(WAIFW) to mimic the interaction patterns of individuals in a real population [23, 24] .
We identified five major theoretical network structures in the literature: fully connected, random [25] , small-world [26] , scale-free [27] , and all-in-range (local) [28] . shopping maUs) that determine interactions based on emerging co-location patterns [31] .
Despite the importance of network structure, IB models remain limited with respect to the available information about WAIFW in real populations [32] .
Consequently, identifying the critical network parameters that influence outbreak dynamics is essential to develop appropriate IB models to address pohcy questions and guide data collection [24, 33] . This study describes our efforts to develop an IB model to characterize pohovirus outbreaks at the level of interacdons among individuals and explore the impacts of network choices. The IB model explicitly captures immunity states and transition rates similar to those developed earlier [9] , but focuses on stochastic attributes of state transitions and the impact of different network structures on the transmission process.
METHODS
We developed an IB model for a hypothetical outbreak in a low-income country setting, corresponding to the prospectively modeUed outbreak in Figure 2 of Duintjer Tebbens et al. [9] . The model assumes complete eradication of wild pohoviruses and starts the outbreak with a single poliovirus introduction 5 years after cessation of aU polio vaccinations. We explored multiple different network structures, including the five theoretical networks shown in Figure 1 and several empirical mixing-site networks. Although not shown in Figure 2 , the DEB and IB models also include 25 different age groups [9] , which influences the network patterns in mixing-site settings.
We define inputs to the IB model with a fully con- to the outbreak [9] . We assigned members of the population aged >5 years to the 'infectible-historic hve' or 'infectible-fully susceptible' state according to assumptions about the historical OPV vaccination rates [9] . Given the assumed lack of IPV or OPV use prior to the outbreak, none of the individuals start in the 'infectible-IPV or 'infectible-recent live' states.
We compared the transmission dynamics across all five of the major theoretical network categories from the literature and three empirical mixing-site networks. The top part of Table 1 describes the construction rules applied to create the theoretical networks, and the bottom part provides the assumptions used to create three mixing-site networks, which reflect possible scenarios to bring individuals into contact at identifiable locations (e.g. home, work, school). Although modelling real population interactions using mixing-sites requires significant data and detailed information about types of contacts leading to infection [34] , we determined that in the absence of specific data we could still learn about how mixing-site networks function by considering the scenarios in Table 1 . We chose to model two basic route [35] ) and infects enough people to cause at least one paralytic case [9] . Infection depends on the existence of connections between infectious and infectible individuals in the network and the contact rate (C).
Not every contact between an infected individual and an infectible individual leads to infection, and the probability of infection foUowing contact (i) depends on the individual's immunity state.
We performed repeated analyses for three different average numbers of connections per individual {K=10, 50, 100) to explore a range given limited knowledge about how contacts lead to poliovirus transmission. We also explored all five of the theoretical networks in the top part of Table 1 , and for the small-world network, we explored the impact of three different values for the probability of random rewiring Select K initial nodes with K^Kjl randomly assigned links in them, then add new nodes to the network (until N nodes are reached), each with Kfl links to be connected to previous nodes based on a preferential attachment, such that the probability of connecting to a node is proportional to the number of existing links to that node [27] (the degree distribution of connections follows a power law (/"(/c = x) ~ x*'') Randomly assign people to locations on a square grid, then assign contacts locally (i.e. limited to local geographical neighbours within a given radius), and select the radius of interaction to obtain an average number of connections equal to K Begin with the all-in-range network, and then with probability P, detach each link from one end and rewire it to a random other node in the population (with duplicate hnks not allowed)
Assumes (1) all individuals link to an average of six others in their households between 5 pm and 9 am, (2) all children aged between 3 and 15 years and two-thirds of adults (i.e. 5=16 years) go to a randomly selected workplace or school between 9 am and 5 pm, where they are connected with W co-workers or S classmates, respectively, (3) all other individuals (i.e. very young children and one-third of adults) remain connected at home between 9 am and 5 pm, (4) same contact rate (C) applies for homes, workplaces, and schools Mixing-site 2
Same as mixing-site 1, except assumes contact rate at home (C/,) twice the rate used for workplace or school (C,,,), with the overall expected number of contacts in the population (C) kept the same as other networks by adjusting C/, and C". Mixing-site 3 Assumes (1) 100 different villages, each with 1000 villagers (randomly selected), (2) individuals spend their time in their isolated villages, except for half a day per week when subgroups of them attend one often randomly selected community centres (e.g. a market or place of worship) and interact with people from other villages, (3) the subgroup mixing in the community centre includes children aged between 3 and 15 years and two-thirds of adults (5=16 years) (similar to mixing-site 1)
All-in-range
Small-world
Empirical networks
Mixing-site 1
Realistic structure when intimate interaction is required for diffusion and the nodes cannot move
High clustering and small average distance between individuals [26] of the local links (^ = 0-01, 0-05, OT), which makes a total of seven simulated theoretical networks. We for all networks, except for mixing-site 2, for which we used twice the contact rate for home than that for schools and workplaces to explore the impact of [9] for the different networks structures described in Table 1 Model input (units) Table 2 .
We projected the trajectory of potential polio out- During the simulation, we captured the foUowing metrics:
• Die-out fraction (dimensionless). The fraction of simulations that do not lead to an outbreak, defined as detection of a paralytic case.
• Detection day (day). The day that the first paralytic case occurs.
• Peak time (day). The day with the highest number of infections observed within the duration of pohovirus diffusion.
• Epidemic duration (day). The time it takes for the outbreak to end (i.e. the time until no latent or infectious individual remains), which we record as >2000 days if transmission continued beyond the maximum simulation length.
• Number of infections (number of people). The cumulative number of people who become infected and get removed (recover or die from the infection)
at the end of the simulation.
• Number of paralytic cases (number of people). The total number of paralytic cases accumulated by the end of the simulation.
• Peak infections (number of people). The number of people infected at the peak time.
If the event captured by the first metric occurs (i.e. the transmission of infection dies out and does not lead to an outbreak), then the remaining metrics do not provide interesting or meaningful information, and consequently we report their results for only the subsets of 100 simulations that did not die out. For these metrics we found statistically robust means with the sample of 100 simulations. We performed 1000 simulations to characterize the die-out fraction results to obtain more statistically robust estimates. Table 3 Table 4 provides the estimated number of paralytic cases, which would typically represent the only observable outcome, and Figure 3 b shows large differences in the accumulation of these cases over time for various network structures. Table 4 shows some important differences in the outbreaks depending on the assumptions about the network. In contrast to the stochastic variation that we observed related to die-out fractions (Table 3) , we observed negligible stochastic variation across for the outbreak metrics in Table 4 relative to the number of significant figures supported by the model, and
RESULTS
consequently Table 4 For mixing-sites 1 and 2, the outbreaks that takeoff appear relatively insensitive to K and C. For these mixing-site networks, we see a slow outbreak (e.g.
later detection day and peak times than most other network types) that affects the majority of the population before ending after about 700-770 days.
Shifting the weight of the contacts more towards homes (mixing-site 2) leads to slightly higher numbers of infections and faster outbreaks, presumably because household links act as a bottleneck on transmission for mixing-site 1. By increasing the relative speed of transmission in the home for mixing-site 2, the one-third of household members who do not mix outside of the home become more prone to infection.
In contrast to mixing-sites 1 and 2, the contact pattern in mixing-site 3 allows infection to spread through the [40, 41] . In contrast, mixing-site networks may provide a better representation for airborne diseases such as flu [24, 31, 42] . For poliovirus infections, we expect that using mixing-sites may also offer the best strategy, but even with a limited set of scenarios for these we found potentially large differences in the behaviour of outbreaks. In this regard, we expect that improvement of IB models for polioviruses wiU require a more detailed understanding of the processes that create WAIFW patterns in specific populations of interest, and that additional insights about the relative importance of faecal-oral vs. oral-oral transmission pathways may also help to influence choices about network structures and contact rates both within and between mixing-sites. Epidemiological investigations could provide important insights that would significantly improve our abihty to model outbreaks. As long as hve pohoviruses continue to circulate, the opportunity exists to better characterize the role of potential mixing-sites in poliovirus transmission in low-income countries, including markets, schools, places of worship, sewage, rivers, and workplaces.
The role of migrant populations also represents an important consideration, and data on population movement in countries of highest concern for poliovirus transmission could provide significant insights with respect to developing appropriate networks.
While polioviruses can spread over long distances [43] , the relative frequency of short-distance to longdistance poliovirus infectious contacts remains unknown and requires further investigation.
Several observations also suggest the need for additional development of the IB model. First, we observed persistent transmission as a result of a reintroduction in small-world networks, which suggests the need to include age-dependent mortahty rates and waning of immunity. Second, if we seek to use the model to evaluate specific outbreak response strategies, then we would need to use serotype-specific model inputs and explicitly characterize the transmission and evolution of OPV viruses to address questions related to the development of cVDPVs.
Thus, although this work suggests that IB modelling offers an important opportunity to better characterize the actual dynamics of the spread of infection, using IB models appropriately for polio outbreaks will depend on obtaining high-quality information about the nature of polioviruses, immunity, and social interactions.
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